Introduction
A composite indicator (CI) is a mathematical tool to aggregate a set of multidimensional indicators in order to produce a single measure of performance. In a recent paper, Pakkar [1] proposed a multiplicative approach using DEA and AHP to reflect the priority weights of indicators in constructing CIs. This approach can be organized into the following steps:
1) Using a multiplicative DEA based-CI model to compute the composite value of each Decision Making Unit (DMU). The computed composite values are used in the next step.
2) Using a minimax distance model to obtain the optimal weights of indicators for each DMU (minimum composite loss).
3) Using the minimax distance model bounded by AHP to obtain the priority weights of indicators for each DMU (maximum composite loss).
4) Using a parameter goal programming model to assess the performance of each DMU in terms of its relative closeness to the priority weights of indicators.
In the basic multiplication DEA based-CI models, all indicators are simply treated to be at the same level of hierarchy [2] . Nonetheless, these indicators might also belong to different sub-categories and further be linked to one another constituting a three-level hierarchical structure. To overcome this limitation, we integrate AHP to a three-level DEA-based CI model in a multiplicative context. A three-level DEA based-CI model can reflect the characteristics of the generalized multi-level DEA based-CI model developed by [3] .
Methodology

DEA-Based CI Model
A DEA-based CI model can be formulated similar to a multiplicative DEA model without explicit inputs [2] . In the following, and in line with the more common CI terminology, we will often refer to outputs as "indicators". In order to eliminate the scale differences between all (output) indicators, and moreover, to ensure that all of them are in the same direction of change the normalized counterparts of indicators, using a min-max method, are computed as follows [4] : 
Here, y rj is the normalized value of (output) indicator ( )
Since in a multiplicative aggregation, the value of each indicator must always be larger than 1, we add a positive constant x to the normalized values of each indicator. We choose x so that is the minimum normalized value of indicator r for all DMUs. Although the model used in this paper does not satisfy the desirable unit invariant property, it is very robust to changes in the measurement units [2] . Therefore, this would only slightly change the composite values without making a significant change in DMUs' rankings. Then a multiplicative optimization model in the construction of a composite indicator can be formulated as 
where the tilde symbol (~) denotes natural logarithms. The combination of (3)-(5) forms a single level DEAbased CI model in a log-linear context that looks like an output-oriented DEA model without explicit inputs. This model is theoretically similar to the log-linear DEA model for efficiency analysis introduced in [5] .
Three-Level DEA-Based CI Model
We develop our formulation based on a generalized distance model (for example, see [6] ) in such a way that the hierarchical structures of indicators, using a weighted-average approach, are taken into consideration [3] . Let ( ) 
, , 0 , , ,
The combination of (6)-(12) forms a three-level DEA based-CI model in the log-linear context that identifies the minimum composite loss min θ needed to arrive at an optimal set of weights. Constraint (7) ensures that each DMU loses no more than θ of its best attainable composite value, * k CI  . The second set of constraints (8) 
Prioritizing Indicator Weights Using AHP
The three-level DEA based-CI model identifies the minimum composite loss min θ needed to arrive at a set of weights of indicators by the internal mechanism of DEA. On the other hand, the priority weights of indicators, and the corresponding (sub-)categories are defined out of the internal mechanism of DEA by AHP.
In order to more clearly demonstrate how AHP is integrated into the three-level DEA-based CI model, this research presents an analytical process in which indicator weights are bounded by the AHP method. The AHP procedure for imposing weight bounds may be broken down into the following steps:
Step 1: A decision maker makes a pairwise comparison matrix of different criteria, denoted by A, with the entries of ( )
The comparative importance of criteria is provided by the decision maker using a rating scale. Saaty [7] recommends using a 1-9 scale.
Step 2: The AHP method obtains the priority weights of criteria by computing the eigenvector of matrix A (Equation (13)),
, , , S w w w w =  , which is related to the largest eigenvalue, max
To determine whether or not the inconsistency in a comparison matrix is reasonable the random consistency ratio, C.R., can be computed by the following equation:
where R.I. is the average random consistency index and N is the size of a comparison matrix. In a similar way, the priority weights of (sub-)sub-criteria under each (sub-)criterion can be computed. To obtain the weight bounds for indicator weights in the three-level DEA-based CI model, this study aggregates the priority weights of three different levels in AHP as follows: where l w is the priority weight of criterion ( )
in AHP and ll e ′ is the priority weight of sub-crite-
under sub-criterion l′ . In order to estimate the maximum composite loss max θ necessary to achieve the priority weights of indicators for each DMU the following set of constraints is added to the three-level DEA-based CI model:
The set of constraints (16) changes the AHP computed weights to weights for the new system by means of a scaling factor α . The scaling factor α is added to avoid the possibility of contradicting constraints leading to infeasibility or underestimating the relative composite scores of DMUs [8] .
Parametric Goal Programming Model
In this stage we develop a parametric goal programming model that can be solved repeatedly to generate the various sets of weights for the discrete values of the parameter θ , such that min max θ θ θ ≤ ≤ . The purpose of the model is to minimize the total deviations from the priority weights of indicators with a city block distance measure. Choosing such a distance measure, each deviation is being equally weighted subject to the following constraints:
and constraints (7) are the positive and negative deviations from the priority weight of indicator r under sub-category l' of category l, for DMU k . The set of equations (18) indicates the goal equations whose right-hand sides are the priority weights of hierarchical indicators adjusted by the obtained value of the scaling variable in (16).Because the range of deviations computed by the objective function is different for each DMU, it is necessary to normalize it by using relative deviations rather than absolute ones. Hence, the normalized deviations can be computed by: 
Numerical Example
In this section we present the application of the proposed approach to assess the road safety performance of a set of European countries (or DMUs). The data for eight hierarchical indicators that compose road safety performance indicators (SPIs) for 11 European countries has been adopted from [9] . Table 1 presents the normalized data, using (1) and (2), for SPIs on a logarithmic scale. The notations in Table 1 The results of the AHP model for prioritizing hierarchical SPIs as constructed by the author in Expert Choice software are presented in Table 2 . One can argue that the priority weights of SPIs must be judged by road safety experts. However, since the aim of this section is just to show the application of the proposed approach on numerical data, we see no problem to use our judgment alone.
Solving the three-level DEA based-CI model for the country under assessment, we obtain an optimal set of weights with minimum composite loss ( ) min θ . It should be noted that the composite value of all countries calculated from the three-level DEA based-CI model is identical to that calculated from the one-level DEA based-CI model. Therefore, the minimum composite loss for the country under assessment is min 0 θ = (Table   3 ). This implies that the measure of relative closeness to the AHP weights for the country under assessment is
On the other hand, solving the three-level DEA based-CI model for the country under assessment Pedestrian protection for cars e22 = 0.20 Pedestrian protection for cars f221 = 1.00
Renewal rate of passenger cars e23 = 0.40 Renewal rate of passenger cars f231 = 1.00
Age of passengercars e24 = 0.10 Age of passenger cars, f241 = 1.00 after adding the set of constraints (16), we adjust the priority weights of hierarchical SPIs obtained from AHP in such a way that they become compatible with the weights' structure in the three level DEA-based CI model. Table 4 presents the optimal weights of hierarchical SPIs as well as its scaling factor for all countries. It should be noted that the priority weights of AHP used for incorporating weight bounds on indicator weights after add- In addition, the priority weights of AHP at sub-criteria and sub-sub-criteria levels can be obtained as , respectively. The maximum composite loss for each country to achieve the corresponding weights in the three-level DEA-based CI model after adding (16) is equal to max θ ( Table 3) . As a result, the measure of relative closeness to the priority weights of SPIs for the country under assessment is Table 5 shows that France (FR) is the best performer in terms of the CI  value and the relative closeness to the priority weights of indicators in comparison to the other countries. Nevertheless, increasing the value of θ from 0 to max θ has two main effects on the performance of the other countries: improving the degree of deviations and reducing the value of composite indicator. This, of course, is a phenomenon, one expects to observe frequently. The graph of ( ) θ ∆ versus θ , as shown in Figure 1 , is used to describe the relation between the relative closeness to the priority weights of indicators and composite loss for each country. This may result in different ranking positions for each country in comparison to the other countries (Table A1 ).
Conclusion
We develop a multiplicative (or log-linear) aggregation approach based on DEA and AHP methodologies to construct CIs for hierarchical indicators. We define two sets of weights of hierarchical indicators in a threelevel DEA framework. All indicators are treated as benefit type which satisfy the property of "the larger the better". The first set represents the weights of indicators with minimum composite loss. The second set represents the corresponding priority weights of hierarchical indicators, using AHP, with maximum composite loss. We assess the performance of each DMU in comparison to the other DMUs based on the relative closeness of the first set of weights to the second set of weights. Improving the measure of relative closeness in a defined range of composite loss, we explore the various ranking positions for the DMU under assessment in comparison to the other DMUs. To demonstrate the effectiveness of the proposed approach, we apply it to construct a composite road safety performance index for eight hierarchical indicators that compose SPIs for 11 European countries. 
